Abstract-Considering the cultural background of users is known to improve recommender systems for multimedia items. In this work, we focus on music and analyze user demographics and music listening events in a large corpus (120,000 users, 10 9 events) from Last.fm to investigate whether similarity between countries in terms of cultural and socio-economic factors is reflected in music taste. To this end, we propose a tag-based model to describe the music taste of a country and correlate the resulting music profiles to Hofstede's cultural dimensions and the Quality of Government data. Spearman's rank-order correlation and Quadratic Assignment Procedure indeed indicate statistically significant weak to medium correlations of music taste and several cultural and socio-economic factors. The results will help elaborating culture-aware models of music listeners and in turn likely yield improved music recommender systems.
I. INTRODUCTION AND CONTEXT
Knowledge about the similarities and differences in music taste between countries and about how these relate to cultural and socio-economic dimensions can improve culture-aware and cross-cultural music retrieval and recommender systems and help mitigate the cold-start problem in cases where only the country of a new user is known, but not his or her music taste. This is a common scenario given the single signon approach adopted by many current online services and platforms, including recommender systems. This short paper aims at gaining insights into the aforementioned similarities by exploiting social media data to model music preferences on the country level and in turn address the research question whether music taste similarity correlates with cultural and socio-economic similarity.
While recently there has been found evidence that culture is related to online behavior, leading to a connection of anthropological theories with computational models, e.g. [1] , [2] , the aspect of connecting online music consumption patterns to cultural dimensions yet has not been studied in detail (in contrast to other aspects of digital traces, e.g., by connecting cultural boundaries to food and drink habits [3] ). Since smaller-scale musicological-driven offline studies have provided insight that cultural traits are connected to musical listening preferences, e.g. [4] , [5] , this work aims at developing a computational approach to culture-specific music consumption behavior, with the vision of supporting music recommender systems.
Research that considers individual, user-specific aspects to improve music retrieval and recommendation algorithms has received substantial attention in the past few years, e.g. [6] - [8] . Existing works predominantly focus on emotion or mood perceived when listening to music, aiming to exploit such knowledge for music retrieval, e.g. [9] - [11] . In contrast, studies investigating cultural differences in perception or consumption of music have not been performed until recently. Hu and Lee [12] found differences in perception of moods between American and Chinese listeners. By analyzing Last.fm music listening behavior of users from 49 countries, Ferwerda et al. [13] , [14] found relationships between music listening diversity and Hofstede's cultural dimensions. Similarly, Skowron et al. [15] use the same dimensions to predict music genre preferences of users with different cultural backgrounds.
II. METHODOLOGY AND DATA

A. Modeling culture and socio-economics
To represent cultural aspects on the country level, we rely on Hofstede et al.'s work [16] since it is considered a comprehensive and up to date framework for national cultures.
1 They define six dimensions to describe cultures: power distance, individualism, masculinity, uncertainty avoidance, long-term orientation, and indulgence.
We further investigate a range of socio-economic indicators taken from the Quality of Government (QoG) dataset, 2 which aggregates approximately 2,500 variables from more than 100 data sources. From this dataset, we extract a subset of 181 variables for which all the scores are available for the set of analyzed countries. Examples include GDP, income inequality, agriculture's share of economy, unemployment rate, and life expectancy. Details on the variables are provided in [17] . 
B. Modeling music preferences
We model music preference on the country level by exploiting the LFM-1b dataset [18] , which offers (partly incomplete) demographic information and listening histories for about 120,000 Last.fm users. We consider only countries with at least 100 users and for which all Hofstede's cultural dimensions are available, which yields about 53,000 users from 44 countries meeting both conditions. Figures 1 and 2 show, respectively, the distribution of gender and age for the 44 countries, which are coded according to the ISO-3166 standard. 3 While an initial analysis reveals that the distributions of gender and age in the dataset do not correspond to the population at large, we argue that the data is representative for music lovers who use social media, due to the almost global popularity of Last.fm and the country filtering we apply. This assumption is further supported by a demographic analysis of different social media platforms, 4 in which Last.fm ranked in the center of all platforms' distributions.
We define country-specific genre profiles, which are used as a proxy for music taste. First, the top tags assigned to each artist in the LFM-1b dataset are gathered from Last.fm. 5 These tags provide different pieces of information, including instruments ("guitar"), epochs ("80s"), places ("Chicago"), or languages ("Swedish"). We then filter for tags that reflect genre and style, using dictionaries of 20 and 1,998 terms retrieved from Allmusic 6 and Freebase, 7 respectively. 8 The final genre profiles are weight vectors describing the share of each genre among all listening events of the respective country's population. Formally, the weight of genre g in country c is computed as w c,g = a∈Ag lec,a a∈A lec,a , where A g is the set of artists tagged with genre g, A is the entire set of artists, and le c,a is the number of listening events to artist a in country c.
To obtain a coarse knowledge about the music preferences, Figure 3 shows a radar plot of the genre profiles according to the Allmusic dictionary, for the countries with at least 100 users in the LFM-1b dataset. Starting with the US, countries are sorted in descending order of users in a counterclockwise manner. To reduce visual clutter and increase readability, we include only the shares of some of the most popular genres from Allmusic. As a general tendency, we observe that the popularity ranking of genres is quite consistent between countries. A few exceptions are, for instance, Japan and China, where the share of pop music is higher than that of alternative. Electronic music is consumed to a disproportionately high amount in Russia, France, Belarus, Hungary, Romania, and Estonia, whereas very little in South American countries (Brazil, Chile, and Argentina), Indonesia, and India. Pop music peaks in Japan, China, and Indonesia; folk in the US, Romania, 
C. Country Similarity Computation
We estimate proximity of countries in terms of music preferences via cosine similarity over the raw genre playcount vectors, in order to normalize for different amounts of listening events in different countries. To gauge similarity in terms of cultural and socio-economic dimensions, we calculate the Euclidean distance between the respective scores given by Hofstede and QoG data. We further add as another aspect the geographical distance between countries, which is computed as the geodesic distance in kilometers between country capitals [19] .
III. EXPERIMENTS AND RESULTS
Since we cannot assume linear relationships between the individual similarity values, we compute Spearman rank-order correlation coefficient (ρ) between the music similarities on the one hand and the similarities for each of the cultural and socio-economic factors on the other. As the similarity scores of one country are dependent with each other, we resort to a Quadratic Assignment Procedure (QAP) to assert the significance of the findings [20] . This method accounts for dependencies in network data by comparing the actual data with a randomization-based null model. We adjust the p-value with Bonferroni correction to control the family-wise error rate. Correlation coefficients and p-values from the QAP are reported in Table I .
The table shows all six cultural dimensions (top rows), the top 20 QoG factors (middle rows), and geographical distance (last row). We see that most correlations are positive and weak to medium (ρ ∈ [0.2, 0.4]). Results for masculinity, power distance, long-term orientation, and indulgence are statistically significant at low p-values (even after Bonferroni correction). The highest correlations among the socioeconomic dimensions, and the only ones with ρ > 0.3, are found for factors related to ethnics, religion, and education: percentage of people who adhere to Islam, ethnic fractionalization (reflects the likelihood that two randomly selected persons from the same country share racial and linguistic characteristic), and percentage of females aged 25 or older with no schooling. This gives an indication that populations with similar distribution of religions, races, and languages show similar levels of similarities in terms of music preferences. A bit surprisingly, even though Table I shows that geographical distance is negatively correlated with music similarity according to Spearman, i.e., nearby countries share a similar taste, we would have expected a more pronounced correlation.
Looking deeper into the music similarity scores, Figure 4 visualizes the similarities between all pairs of countries according to their genre profiles, computed as indicated in Section II-C. Darker colors indicate higher, brighter colors lower similarity. The figure indeed shows high similarities between the far away countries US, UK, and Australia, which nevertheless share similar culture and values. This geographically high distance between culturally similar countries seems only partly compensated by clusters formed by the geographically and culturally close countries France and Belgium or Russia, Belarus, Ukraine, and the Baltic countries. We therefore conclude that similarity in music preferences is better reflected by cultural and socio-economic similarity than by geographic distance. Furthermore, we can also identify outliers like Japan, China, or Iran, whose music taste is dissimilar from almost all other countries. To investigate whether these empirical observations of country similarities are also reflected when using a dedicated clustering approach, we applied Affinity Propagation [21] on country's genre profiles, using as input vectors the country-specific normalized number of listeners for each genre, and letting the algorithm decide on the number of clusters.
9 Table II illustrates the results, which confirm that similarity of music taste is rather a function of shared cultural background and language than geographic proximity. For instance, the Spanish-speaking Latin American countries in the dataset, i.e., Mexico, Chile, Argentina, Colombia, and Venezuela, form a cluster (#6), while Portuguese-speaking Brazil forms a cluster on its own (#2). So do Japan, Indonesia, China, Iran, and India, which can be considered outliers. Again, also the former Soviet countries Russia, Ukraine, and Belarus form a cluster (#1), and most major Englishspeaking countries do: USA, Canada, Australia, Ireland, and New Zealand (#4).
IV. CONCLUSIONS AND FUTURE WORK
We exploited user-generated data of music listening events to investigate the relationship between music taste and cultural and socio-economic factors, measured on the country level. We found significant weak to medium correlations for Hofstede's masculinity and power distance as well as for dimensions related to ethnicity, religion, education, and politics in the QoG data. The gained insights contribute to a better understanding of the interrelationship between the aforementioned factors and can be applied to alleviate cold-start situations where only country information of a new user is available to the music recommender system, for instance when the system employs a single sign-on approach to register new users. As part of future work, we will investigate whether the findings also hold for other platforms used to share listening information, by conducting a similar study on music listening datasets mined from Twitter, e.g. [22] , [23] . Furthermore, we would like to study the causal relationships between the music taste and the cultural and socio-economic factors. Exploiting information on the individual level, we also plan to investigate to which extent age and gender influence the results.
